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Degenerate encoding of 20 amino acids by 61 triplet nucleotide codons enables the same protein sequence to be synthesized by a vast number of synonymous mRNAs. While variations between synonymous sequences have an important role in regulating protein expression in organisms from E. coli [1] [2] [3] [4] [5] [6] [7] to humans 8 , many details remain unclear 1,3-5, [9] [10] [11] [12] [13] , as summarized in the Supplementary Information. Uncertainty exists concerning the influence of synonymous codons on translation efficiency 1,3,5,9,10,12-17 , the mechanistic basis of such effects 4,9-11, [15] [16] [17] [18] [19] [20] [21] [22] [23] [24] [25] [26] [27] [28] [29] [30] [31] , and their relationship to mRNA-folding effects [3] [4] [5] [6] [7] 16, 32 . Much of the codon-usage literature focuses on inefficient translation of a set of rare codons in E. coli 1, 5, 7, 14, 19, 21 , especially the AUA codon for the Ile residue 18, 20 and the AGA, AGG and CGG codons for the Arg residue 1, 6, 27 . On this basis, it is widely assumed that genomic codonusage frequency, which parallels transfer RNA levels 19, 23 , tracks the translation-elongation rate, and that infrequently used codons are translated inefficiently 9, 14, 16, 18, 19, 21, 24, 25, 27, 28 . However, this assumption has been challenged by ribosome-profiling studies that concluded that the net translation-elongation rate is generally constant, irrespective of codon usage 10, 11, 33 . Investigations of the influence of mRNA sequence on protein expression are complicated by the fact that synonymous sequence changes simultaneously influence multiple parameters including codon identity, codon homogeneity and mRNA folding, as well as other local and global sequence features ranging from codon-pair effects 34, 35 to overall A/U/C/G content. Most previous studies have focused on individual parameters or pairs of parameters in a local mRNA region [1] [2] [3] [5] [6] [7] 11, 13 . To address this limitation, we performed statistical analyses of a largescale protein expression data set, focusing on simultaneous evaluation of the influence of a wide variety of local and global mRNA sequence properties, and we tested the resulting mechanistic inferences using biochemical experiments. These studies provide insight into the influence of mRNA sequence features on protein expression in E. coli, including a new codon-influence metric with notable differences from previously described metrics. This metric correlates strongly with physiological mRNA levels and lifetimes in vivo, suggesting the dynamics of the ribosomal elongation cycle exert a considerable influence on mRNA degradation that contributes to the biological effects of variations in synonymous codon usage.
Large-scale protein expression data set
We evaluated the expression of 6,348 genes from diverse phylogenetic sources (Extended Data Fig. 1 ), which provided broad sampling of codon space due to variations in codon-usage frequency in the source organisms. To minimize effects from coupling of translation to transcription by E. coli RNA polymerase 36, 37 , the genes were transcribed by bacteriophage T7 RNA polymerase from a pET plasmid 38 . Protein expression 38 was induced overnight in defined medium at 17 °C in E. coli BL21(DE3) cells containing pMGK, a compatible plasmid carrying a copy of the argU gene encoding the tRNA cognate to the AGA codon for Arg (refs 1, 27) . The analysed proteins, selected to have less than 60% pairwise sequence identity, were expressed with a C-terminal LEHHHHHH affinity tag that was omitted from computational analyses. On the basis of the visual inspection of wholecell lysates in Coomassie-blue-stained SDS-PAGE gels, we scored the protein expression level on an integer scale from 0 (none) to 5 (highest) from two isolates of each plasmid, which rarely varied by more than ± 1 (see supplementary fig. 1 in ref. 39 ). In the analysed data set, 28% and 31% of the proteins have scores of 0 and 5, respectively, while 41% have intermediate scores.
We evaluated distributions of a variety of mRNA sequence parameters, which revealed many differences between genes giving high versus low protein expression ( Fig. 1 and Extended Data Fig. 2 ). We examined histograms of the parameter distributions for the genes giving each score (Fig. 1a-d 
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Degeneracy in the genetic code, which enables a single protein to be encoded by a multitude of synonymous gene sequences, has an important role in regulating protein expression, but substantial uncertainty exists concerning the details of this phenomenon. Here we analyse the sequence features influencing protein expression levels in 6,348 experiments using bacteriophage T7 polymerase to synthesize messenger RNA in Escherichia coli. Logistic regression yields a new codon-influence metric that correlates only weakly with genomic codon-usage frequency, but strongly with global physiological protein concentrations and also mRNA concentrations and lifetimes in vivo. Overall, the codon content influences protein expression more strongly than mRNA-folding parameters, although the latter dominate in the initial ~16 codons. Genes redesigned based on our analyses are transcribed with unaltered efficiency but translated with higher efficiency in vitro. The less efficiently translated native sequences show greatly reduced mRNA levels in vivo. Our results suggest that codon content modulates a kinetic competition between protein elongation and mRNA degradation that is a central feature of the physiology and also possibly the regulation of translation in E. coli. Fig. 2a , i, k), which show roughly monotonic changes with increasing score. We also examined 'log-odds-ratio' plots of the natural logarithm of the ratio of the numbers of genes giving scores of 5 versus scores of 0 (ln(high/no)) as a function of each parameter value (Fig. 1e , h, j and Extended Data Fig. 2b -h, j, l-o), which provide a graphical summary of the trends, as well as guidance for mathematical modelling of the relationship between mRNA sequence parameters and protein expression. As described in the Supplementary Information, there are strong correlations between many individual mRNA sequence parameters and the protein expression levels ( Fig. 1 and Extended Data Fig. 2 ), but they reflect both direct effects and indirect effects caused by parameter cross-correlations (Extended Data Fig. 3 ). Therefore, simultaneous multi-parameter modelling is required to estimate the actual influence of individual sequence parameters.
The first 18 nucleotides in the coding sequence, which are physically protected by the ribosome in the 70S initiation complex 40 , have a strong influence on expression (Fig. 2) . In this region, G reduces and A increases the probability of high expression 6, 7 , whereas C and U have intermediate effects (Fig. 2) . This rank-order matches the probability of base-pairing in ensembles of RNA structures (D.P.A., manuscript in preparation), suggesting that the trend reflects a requirement for bases in this region to be unpaired for efficient ribosome docking 6 . (The approximate periodicity of 3 in Fig. 2 comes from parameter cross-correlations in A/T-rich genes; see later.)
Logistic-regression analysis and modelling
We analysed the influence of mRNA sequence parameters on protein expression in our large-scale data set using logistic regression, which uses a generalized linear model to quantify the influence of continuous variables on binary or ordinal results. Binary modelling assumed that the log-odds-ratio for 5 versus 0 scores increases linearly with the value of some function of a continuous variable (for example, codon frequency), whereas ordinal modelling assumed the logs-odds-ratio between successive integer scores increases in the same manner. The solid lines in Fig. 1e show the most probable slopes for a linear relationship between codon frequencies and the log-odds-ratio of 5 versus 0 expression scores, which is the simplest form of binary logistic regression modelling. This simple linear model accurately describes the positive correlation of GAA (green in Fig. 1e ). It is less accurate describing the negative correlation of AUA. Logistic regression can be performed using more complex mathematical functions of the continuous variable. Nonetheless, 'codon slopes' from linear logistic-regressions provide a useful metric to quantify the influence of individual codons on protein expression.
We conducted such single-variable analyses on all 61 non-stop codons using binary or ordinal linear logistic regression (dark and light grey, respectively, in Fig. 3a) . Relatively uniform variance in codon frequencies (Extended Data Fig. 4a ) enables parameters for all codons to be determined with similar precision. Binary and ordinal regressions yield equivalent codon slopes, reinforcing our inference from parameter histograms (Fig. 1a-d) that codon content has a roughly monotonic influence on expression. The equivalence of results comparing proteins with 0 versus 5 scores to results including proteins with intermediate scores suggests features that partially attenuate expression also sometimes completely stop it, consistent with the data presented below linking features that attenuate translation to mRNA degradation.
Single-parameter logistic regressions (Fig. 3a grey symbols and Extended Data Fig. 4b) show codons ending in A/U are enriched in genes , f) , average partition-function free energy of folding in the remainder or 'tail' of each gene in 50% overlapping windows with width w (< Δ G T > w , g), and number of nucleotides in the proteincoding sequences (i). Light colours, dark colours, and shades of grey show distributions in, respectively, the E = 0, E = 5, and E = 1-4 categories (n = 6,348 for all combined). e, h, j, Corresponding log-odds-ratio plots showing the logarithm of the ratio of the number of proteins in the E = 5 (E5) versus E = 0 (E0) categories (n = 3,727 for both combined), labeled ln(high/no). Solid lines show single-variable binary generalized linear logistic regressions, that is, fitting of log-odds ratio using a combination of the first and second powers and inverse of each individual parameter. Codon regressions (solid lines in panel e) were performed using exclusively the first power of frequency, yielding the dark grey codon slopes in Fig. 3a . P values for regressions shown here other than GAA frequency are 3-45 orders of magnitude below the Bonferroni-corrected 5% confidence threshold of 2 × 10 −4 (Supplementary Data File 1). nt, nucleotides. Article reSeArcH giving the highest expression, whereas synonymous codons ending in G/C are depleted. These results provide guidance for engineering genes that enhance protein expression by emulating the properties of our bestexpressed genes, a strategy we show later to be successful. However, these analyses do not provide reliable information on the influence of individual codons because the frequencies of codons ending in A and U are mutually correlated in genes in our data set (Extended Data Fig. 3a-c) , owing at least in part to variations in the A/T frequency in the source organisms. Many parameters that vary systematically with expression level are mutually correlated (Extended Data Fig. 3 ). Parameters that do not directly influence outcome can appear influential in single-parameter regressions when their values are correlated with directly influential parameters.
Therefore, to dissect the mechanistic contributions of the parameters, we performed multi-parameter binary logistic-regression modelling, which simultaneously analyses the influence of all parameters, although reliability in quantifying the influence of correlated parameters depends on the extent to which they vary independently in the data set. Our final model (model M in Extended Data Table 1) in which Δ G UH is the predicted free energy of folding 41 of the head plus 5′ -untranslated region (UTR), I is a binary indicator that is 1 only if Δ G UH < − 39 kcal mol −1 and the GC content of codons 2-6 is greater than 62%, a H and g H are A and G frequencies in codons 2-6, u 3H is the U frequency at the third position in codons 2-6, β c and f c are the slopes (coloured symbols in Fig. 3a) and frequencies of each non-termination codon, s 7-16 and s 17-32 are the mean slopes for codons 7-16 and 17-32, d AUA is a binary variable that is 1 only if there is at least one AUA-AUA di-codon, r is the amino acid repetition rate, and L is the sequence length.
Calculating loss in predictive power when model terms are omitted gives the best estimate of the influence of sequence parameters (Fig. 4) . The influence of the head is captured by the folding energy and base-composition terms, which probably reflect accessibility of the translation initiation site for ribosome docking 6, 7, 40 , together with s 7-16 . The influence of the tail is captured by s 17-32 together with the global terms (overall codon content, d AUA , r and L). Our model indicates the influential mRNA-folding effects are restricted to the head and are somewhat weaker than codon effects (Fig. 4b) . The influence of individual codons is ~ 3 times stronger near the start of the gene and declines to a uniform level after codon ~ 32 (Extended Data Fig. 5 ), roughly matching the number of residues filling the ribosomal exit channel 42 . However, total codon content in the tail is on average ~5 times more influential than in the head because the tail is substantially longer. In-frame codon models are superior to out-of-frame and expanded models including adjacent 3′ or 5′ bases (Extended Data  Table 1a and Methods.) Calculations also show that the correlation between expression and the average predicted mRNA folding energy in the tail (< G T > 96 ) is attributable to its correlation with codon slopes and the amino acid repetition rate (Extended Data Fig. 3d, e) .
The codon slopes from our multi-parameter logistic-regression model (coloured symbols in Fig. 3a) provide a new metric quantifying the influence of each codon on translation efficiency in E. coli. While some features of this codon-influence metric match previous conclusions, broad trends do not. The AUA codon for Ile, which is decoded by a non-cognate tRNA 18, 20 , has the strongest expressionattenuating effect, and this effect is enhanced for adjacent pairs of AUAs (Extended Data Fig. 2f) Table 1 ). Δ AIC, the change in the Akaike information criterion, quantifies the predictive power of the model compared to random expectation. c, Schematic illustrating the region of the protein-coding sequence included when calculating the term represented by the same colour. Numbering starts at the first nucleotide in the start codon. Terms related to mRNA folding are shown in blue and cyan. Those related to codon usage are shown in red, orange, yellow and magenta.
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is not attributable to amino acid structure. Similarly, the CGG and CGA codons for Arg have strong expression-attenuating effects, while the four synonymous codons have weaker effects varying in direction. Among rare codons emphasized in the past to be deleterious 1, 18, 19, 24 , four attenuate expression in our data set (those cited above and CUA for Leu), whereas the other four do not (AGA and AGG for Arg, GGA for Gly, and CCC for Pro). The apparent influence of AGA and AGG, which have the lowest frequencies in E. coli, may be biased by overexpression in our experiments of the ArgU tRNA cognate to AGA 1, 27 . The next three least frequent codons attenuate expression to widely varying extents, and codons with slightly higher frequencies do not ( Fig. 3c and Extended Data Fig. 4d ). There is no significant correlation between the frequencies of the remaining 56 non-stop codons and their influence on expression ( Fig. 3c and Extended Data Fig. 4d) . Similarly, there is at most a weak correlation between our codon slopes and the codon adaptation index 14 , the codon sensitivity 24 , the tRNA adaptation index 16 , or the estimated cognate tRNA concentrations 23 (Extended Data Fig. 4e-h, respectively) . The most strongly expression-enhancing codons in Fig. 3a encode amino acids with side chains that can act as general base catalysts (Glu, Asp and His). Their codons ending A/U have stronger enhancing effects than synonymous codons ending G/C, indicating that codon structure may modulate their translation efficiency. However, plotting codon slopes against amino acid hydrophobicity reveals a strong correlation ( Fig. 3b) , with charged residues having higher slopes than polar or hydrophobic residues, suggesting that translation efficiency varies systematically with amino acid structure. Analysing the slopes according to the nucleotide at each codon position reveals trends (Extended Data Fig. 4c ) that are likely to reflect conservation of physicochemical properties of amino acids among codons with the same bases at positions 1-2 rather than differences in translation efficiency attributable to base content.
Design and testing of efficiently translated genes
To test the predictive value of these analyses, we evaluated expression of synthetic genes designed using two methods emulating the codon-usage and mRNA-folding properties of genes giving the highest protein levels in our data set ( Fig. 5 and Extended Data Figs 6 and 7 and Extended Data Table 2 ). The 'six amino acid' (6AA) method substitutes all Arg, Asp, Glu, Gln, His and Ile codons with the synonymous codon having the highest single-variable logistic regression slope (dark grey in Fig. 3a) . The resulting mRNAs are enriched in codons ending A/U, which give weaker folding energies than codons ending G/C. These mRNAs tend to have folding and other properties matching the genes giving the highest expression in our data set, providing a concrete example of the parameter cross-correlations shown in Extended Data Fig. 3a -c. The '31 codon folding optimization' (31C-FO) method explicitly optimizes mRNA folding using just 31 codons with the highest single-variable logistic regression slopes for each amino acid; the folding energy 41 in the head (Δ G UH ) was maximized (that is, minimizing folding stability), whereas that in the tail (< Δ G T > 48 ) was adjusted to be near − 10 kcal mol −1 . Some genes were engineered in the head but not the tail, or vice versa, to evaluate our inferences concerning their relative contributions.
We synthesized 31C-FO genes for five proteins ( Fig. 5 and Extended Data Fig. 6 ), including one from E. coli, that were poorly expressed using their native genes, and for 17 previously uncharacterized proteins (Extended Data Fig. 7a ). These codon-optimized genes give uniformly high expression (scores of 4-5 for 18 out of 19 proteins < 450 amino acids in length). Equivalent improvements were observed for three pairs of native and 31C-FO genes transcribed at physiological levels from pBAD vectors by E. coli RNA polymerase (Extended Data Fig. 6e , f). Although some 31C-FO genes yield insoluble proteins using our standard expression protocol, they consistently yield high levels of soluble protein (Extended Data Fig. 7b ) when fused to the carboxy terminus of E. coli maltose-binding protein, a solubility-enhancing tag.
We retained native head sequences and optimized exclusively the tails of four genes using the 6AA method (WT H /6AA T in Fig. 5b and Extended Data Fig. 6 ), which consistently increased expression, albeit to a varying extent. We also tested the relative influence of codon usage versus mRNA folding in the head by constructing genes with identical tails but different codon-optimized 31C heads with folding energies either optimized (31C-FO H with Δ G UH maximized) or Article reSeArcH deoptimized (31C-FD H with Δ G UH minimized). These results ( Fig. 5b and Supplementary Information) demonstrate that folding and codon usage in the head and codon usage in the tail all influence expression, consistent with our computational inferences (Fig. 4) .
Biochemical analyses of optimized synthetic genes
We compared the cellular growth rates ( Fig. 5a and Extended Data Fig. 6a ), protein expression levels ( Fig. 5b and Extended Data Fig. 6b ) and mRNA levels ( Fig. 5d and Extended Data Fig. 6d ) after induction of native versus optimized genes in vivo in E. coli. We also compared in vitro transcription (Extended Data Fig. 8 ) and translation ( Fig. 5c and Extended Data Fig. 6c ) reactions conducted using these genes. Inhibition of growth after induction of the APE_0230.1 gene is eliminated by codon optimization even though protein expression increases greatly (Extended Data Fig. 6a, b) , suggesting that inefficient translation can cause toxicity. Native versus optimized genes are transcribed in vitro by T7 RNA polymerase with equivalent rates and yields (Extended Data Fig. 8 ). However, in vitro translation of the resulting mRNAs yields more protein from the optimized sequences (Fig. 5c) , and translational pausing sites are different for some synonymous pairs (for example, APE_0230.1). Therefore, translation efficiency is improved by the codon-optimization methods derived from our computational analyses
We observe lower mRNA levels in vivo after induction of the inefficiently translated native versus optimized genes ( Fig. 5d and Extended Data Fig. 6d ), suggesting that translational obstacles reduce the steady-state mRNA level. Notably, 5 min after induction, full-length mRNA is detected for all of the optimized genes, but none of the native genes. Because T7 polymerase transcribes them equivalently in vitro (Extended Data Fig. 8 ), these results suggest the inefficiently translated native mRNAs are rapidly degraded. We evaluated the physiological relevance of this inference by calculating s all , the average codon slope from our multiparameter logistic-regression modelling (coloured symbols in Fig. 3a) , for all E. coli genes. Supporting the validity of our new codoninfluence metric, this parameter derived from our expression data set correlates strongly with in vivo protein concentrations measured using mass spectrometry 43 ( Fig. 6b ) and with the probability of detecting a protein using this technique (Fig. 6c ), which increases with concentration. Notably, s all correlates as strongly with in vivo mRNA levels for all predicted cytoplasmic proteins (Fig. 6a, b) , suggesting that codon content influences the steady-state mRNA concentration. Finally, s all calculated in the proper reading frame is strongly positively correlated with the lifetimes of monocistronic mRNAs in E. coli 44 ( Fig. 6d) , consistent with our inference that mRNAs encoded by better codons tend to be degraded more slowly. Acquisition of an mRNA lifetime measurement, which is biased towards higher steady-state concentration and longer lifetime, also depends strongly on s all (Fig. 6c) . These global correlations suggest codon content exerts an important influence on not only translation efficiency but also on mRNA stability.
Discussion
We used simultaneous multi-parameter computational modelling of results from 6,348 independent protein expression experiments to dissect the mRNA sequence features controlling protein expression in E. coli (Figs 1-4) , and we verified these computational inferences using biochemical methods (Fig. 5) . The average value (s all ) of the resulting codon-influence metric correlates strongly with endogenous in vivo protein concentrations (Fig. 6b, c) , as well as mRNA concentrations (Fig. 6a-c) and lifetimes (Fig. 6d ) in E. coli. These global correlations could derive in part from parallel evolutionary selection for efficient transcription and translation and high mRNA stability. However, in vivo and in vitro biochemical studies we conducted on synthetic codon-optimized genes support the hypothesis that codon content directly modulates both translation efficiency (Fig. 5c and Extended Data Fig. 6c ) and mRNA stability ( . Recent reports suggest similar coupling in yeast 29, 30 . Several molecular mechanisms could explain this coupling 27, 36, 37, [47] [48] [49] [50] , as outlined in the Supplementary Information. Modulation of mRNA stability by codon usage would enable it to influence protein expression without altering the net protein-elongation rate 10, 11 . However, our in vitro translation assays ( Fig. 5c and Extended Data Fig. 6c ) suggest that codon content also directly affects translation efficiency.
Our new codon-influence metric (Fig. 3a) has notable differences compared to previous inferences. Amino-acid identity influences protein expression efficiency, but genomic codon-usage frequency 14,19,21 is not broadly correlated with it ( Fig. 3c and Extended Data Fig. 4d ). Although the third, fourth and fifth least frequent E. coli codons have the most deleterious influence on expression in our data set, they attenuate it to widely varying extents, and slightly more frequent codons have a neutral or expression-enhancing influence ( Fig. 3c and Extended Data Fig. 4d ). Codon-usage frequency correlates with the concentration of the cognate tRNA [18] [19] [20] 23 , which can influence the protein-elongation rate in vitro 9,18,21,26 and protein yield in vivo 1,2,27 . Indeed, ArgU tRNA was overexpressed in our experiments to promote higher expression of proteins enriched in AGA/AGG codons 1, 27 , which may bias the influence of these codons in our data set (Fig. 3a) . Further research will be required to understand the factors determining when tRNA concentration influences translation efficiency. Nonetheless, our analyses suggest ribosomal elongation dynamics 29, 35 generally exert a stronger influence on protein expression than tRNA concentration. Therefore, translational regulatory effects could operate via modification of ribosomal elongation dynamics, mediated, for example, by covalent modification of tRNAs or the ribosome 20 . Complicating analyses of such regulatory effects 2,36,45,46 , our results suggest they could be manifested via alterations in mRNA levels due to intimate coupling between mRNA stability and translation efficiency.
Online Content Methods, along with any additional Extended Data display items and Source Data, are available in the online version of the paper; references unique to these sections appear only in the online paper. 
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MethODS
Proteins in the large-scale expression data set. The data set analysed in this paper was culled from that described in our previous paper analysing correlations between amino acid sequence and protein expression/solubility levels 39 . In brief, proteins were selected from a wide variety of source organisms based on structural uniqueness, meaning that no sequence with greater than 30% amino acid identity had an experimentally determined structure deposited into the Protein Data Bank at the time of selection. We restricted the data set compared to that used in our earlier paper to contain only non-redundant proteins encoded by genes that do not contain any codons affected by an alternative translation table in the source organism and that were expressed with a C-terminal LEHHHHHH tag. Homologous sequences were eliminated using an iterative procedure that reduced the level of amino acid sequence identity between any pair to less than 60%, which results in a lower level of nucleic acid sequence identity. At each step, all pairs of proteins sharing at least 60% identical amino acid sequence identity were transitively grouped together into a set, and the shortest sequence was eliminated from each set before reinitiating the same set-assignment procedure on all remaining proteins. The resulting data set included 6,348 genes from 171 organisms, as detailed in the cladogram in Extended Data Fig. 1 and Supplementary Data File 2. It contained 95 endogenous E. coli genes, including ycaQ that was examined in our follow-up biochemical experiments (Extended Data Fig. 6 ), and 6,253 genes from heterologous sources, including 47 from mammals, 809 from archaeabacteria, and the remainder from 151 different eubacterial organisms. Scoring of protein expression in the large-scale data set. The methods used in our large-scale protein expression experiments were described in detail previously 38, 51, 52 , and they are similar to those described below for evaluation of protein expression in vivo except that induction was performed in 0.5-ml cultures in 96-well plates. In brief, native genes for the 6,348 proteins were cloned with a C-terminal LEHHHHHH affinity tag under the control of the bacteriophage T7 promoter in pET21, a 5.4-kb pBR322-derived plasmid harbouring an ampicillin resistance marker 38 . Protein expression 38 was induced overnight at 17 °C in E. coli strain BL21(DE3) growing in chemically defined medium containing glucose as a carbon source. The expression strain also contained pMGK (GenBank accession number KT203761), a 5.4-kb pACYC177-derived plasmid that harbours a kanamycin-resistant gene, a single copy of the lacI gene, and a single copy of the argU gene encoding the tRNA cognate to the rare AGA codon for Arg. As previously described, we scored the protein expression level from two transformants of the same plasmid on an integer scale from 0 (no expression) to 5 (highest expression), based on visual inspection of whole-cell lysates on Coomassieblue-stained SDS-PAGE gels. There is an unmistakable difference between the 0 and 5 expression scores used for most of the analyses reported in this paper. A score of 5 indicates the target protein was the most abundant protein expressed in the cell, while a score of 0 indicates it was undetectable against the background of cellular proteins. The reproducibility of the integer scores in our large-scale data set was excellent, as analysed in detail previously 39 . There was no difference between all measurements for over 70% of the genes and a maximum difference of one unit between all measurements for over 80% of the genes. When replicates gave different scores, the maximum score was used, because most sources of experimental error tend to reduce expression score, and bell-weather analyses reported in our previously published paper 39 showed a small increase in the significance of correlations when using maximum rather than mean score. Computational modelling. Our binary multi-parameter logistic regression model gives θ, the logarithm of the ratio of the probabilities of obtaining the highest level of protein expression (P E5 ) versus none (P E0 ) from an mRNA sequence in the large-scale data set, as a linear function of generalized variables x i :
The probability of obtaining the highest level (E = 5) versus no (E = 0) protein expression from a given sequence is therefore given by:
Note that, to capture nonlinear relationships between mRNA sequence parameters and outcome, the generalized variables x i can represent mathematical functions of mRNA sequence parameters as well as those parameters themselves. We used the R statistics program 53 to compute the most probable values of the model parameters (A, β i ). Logistic-regression slopes β i > 0 indicate that the probability of high expression increases as the associated variable increases in numerical value. (Note that, because Δ G increases in numerical value as folding stability decreases, a positive slope for free-energy terms indicates an increase in the probability of high expression as predicted folding stability decreases, while a negative slope for these terms indicates an increase in the probability of high expression as predicted folding stability increases.) Our final model, which we call model M (Extended Data Table 1a and Fig. 4) , is given in the main text, and the codon slopes β c from this model are depicted in Fig. 3a . In principle, the probability of high protein expression can be increased by manipulating mRNA sequence properties to maximize the value of θ and thus π in the equations above using the parameters (A, β i ) from model M.
Inclusion of parameters was guided by the likelihood ratio test in conjunction with the AIC 54 , a standard measure of whether an improvement in model quality exceeds that expected at random from increasing the number of degrees of freedom in the model. The likelihood ratio χ 2 (LR χ 2 ) is asymptotic to the χ 2 distribution and defined as the reduction in the deviance D of the observed data from the predictions of the model compared to the null model containing just the constant term A (in the first equation above), while the AIC is given by the LR χ 2 minus two times the number of degrees of freedom. The deviance is defined as:
This sum is conducted over the n = 3,727 proteins giving expression scores of 5 or 0 among the 6,348 in the large-scale protein expression data set, and the logistic variable E j assumes values of 1 or 0 if protein 'j' is expressed at the E = 5 or E = 0 levels, respectively. The variable π j = π(θ j ) gives the predicted probability of obtaining expression of protein 'j' at the E = 5 rather than E = 0 level according to the equations given above describing the multi-parameter binary logistic model. For the data set analysed in this paper, the deviance has values of 5,154 and 3,952 for the null model and our final model M, respectively (Extended Data Table 1a ). In addition to using the AIC, we ensured that the final model is not over-fit via bootstrapping with replacement 1,000 times using the RMS package 55 . This validation procedure is considered more robust than splitting the data set into training and test sets, which requires very careful selection of the test set.
The sequence parameters explored in the course of model development (Extended Data Table 1 and additional data not shown) included the length of the gene, the individual codon frequencies in-frame or out-of-frame in the entire gene, the individual codon frequencies in-frame calculated separately in the head and the tail or in the first and second halves of the coding sequence, di-codon frequencies, the statistical entropy of the codon sequence, the codon and amino acid repetition rates (defined below), the frequencies of the nucleotide bases at each codon position in the entire gene and in defined windows within its sequence, and a variety of predicted mRNA-folding energy parameters including those shown in −1 is set to zero if the codon or amino acid does not occur again, so the value of r for the protein sequence LRPRL is the average of (1/4, 1/2, 0, 0, 0), which is 0.15. The sequence of the C-terminal LEHHHHHH affinity tag was omitted from all computational analyses to avoid biasing statistics on its constituent amino acids and codons. Because this sequence is present in every gene included in our large-scale protein expression data set, it cannot directly influence outcome on its own and can only have an influence via differential interaction with other sequence features. No evidence of such interactions was detected in bell-weather analyses including the tag sequence, so it was omitted in the final analyses reported in this paper.
The number of degrees of freedom for codon variables is one fewer than the number of non-stop codons because their frequencies f c in a sequence must sum to 1 (that is, ∑ = f 1 c ). Therefore, for the analyses shown in Figs 3 and 4 , we removed ATG, effectively constraining its slope to be zero (that is, β ATG = 0) and its contribution to the model to be absorbed into the constant A. The inclusion of mean codon-slope variables s 7-16 and s 17-32 in model M uniformly reduces the individual codon slopes β c to ~ 86% of their values when no mean-slope terms are included in the model, reflecting the disproportionate influence of codons near the 5′ terminus compared to those in the rest of the gene (Extended Data Fig. 6 ). We tested expanded codons models including the next base or the previous base in addition to the in-frame codon, but these were rejected based on the AIC and bootstrap validation criteria described above.
We also examined introducing additional variables into model M (Extended Data Table 1b and additional data not shown). Adding the mean value of the predicted free energy of mRNA folding in the tail does not significantly improve the model, even though unstable folding in the tail correlates with reduced protein expression (Fig. 1g, h) . Therefore, this correlation as well as those of the overall A, T, G and C content in the gene (Extended Data  Fig. 2a-e) are captured more effectively by the cross-correlated sequence parameters (Extended Data Figs 3 and 4) that are included in the model, suggesting that these other parameters are more influential mechanistically. Adding the mean slope of codons 2-6 does not produce a statistically significant improvement, and using this term instead of the base-composition terms in this region yields inferior results, consistent with the analyses shown in Extended Data Fig. 5 . Finally, adding the frequency of the Shine-Dalgarno consensus AGGA in any frame (f AGGA in Extended Data Fig. 2i , j and Extended Data Table 1b) fails to produce a statistically significant improvement. We also used the Bindigo program (http://rna.williams.edu/) to compute the binding energy of all hexamer sequences in a gene with the anti-Shine-Dalgarno sequence CACCUCCU, and neither the minimum nor the average value of the predicted free energy of hybridization to the anti-Shine-Dalgarno sequence has any correlation with protein expression level our large-scale data set (Extended Data Table 1b) . Design of synonymous mRNA sequences. In the 6AA method, codons for six amino acids were changed to the single codon specified in Extended Data Table 2 , which has a larger slope than that of any synonymous codon in our singleparameter binary logistic regression analyses (dark grey symbols in Fig. 3a) . Although no explicit free energy optimization was performed with the 6AA method, it produced genes in which the predicted free energies of mRNA folding were more favourable than those in the naturally occurring starting sequences. In the 31C-FO method, predicted mRNA-folding energy was optimized while selecting codons from the 31 listed in Extended Data Table 2 , which have slopes greater than zero in our single-parameter binary logistic regression analyses (dark grey symbols in Fig. 3a) . The predicted free energy of folding of the head plus 5′ -UTR (Δ G UH ) was maximized numerically (that is, to yield the least stable folding), while the predicted free energy of the folding in the tail was optimized to be near − 10 kcal mol −1 in windows of 48 nucleotides. The 31C-FD used the same set of codons to produce genes in which the predicted free energy of folding was minimized numerically (that is, to yield the most stable folding). Bacterial strains and growth media. The E. coli strain DH5α was used for cloning. Expression experiments used E. coli strain BL21(DE3) pMGK (ref. 38). Ampicillin was added at 100 μ g ml −1 for cultures harbouring pET21-based plasmids. Kanamycin was added at 25 μ g ml −1 to maintain the pMGK plasmid. Bacterial growth for protein expression and northern blot experiments employing pET21-based plasmids was performed using the same medium and conditions that were used to generate our high-throughput protein-expression data set 38 (that is, MJ9 minimum medium 56 with 250 r.p.m. agitation at 37 °C before induction at 17 °C). Plasmids. The pET-21 clones of the genes APE_0230.1 (Aeropyrum pernix K1), RSP_2139 from (Rhodobacter sphaeroides), SRU_1983 (Salinibacter ruber), SCO1897 (Streptomyces coelicolor) and ycaQ (E. coli) were obtained from the protein-production laboratory of the Northeast Structural Genomics Consortium (http://www.NESG.org) at Rutgers University (NESG targets Xr92, RhR13, SrR141, RR162 and ER449, respectively). The DNAs encoding the 6AA T and 31C-FO H /31C-FO T variants of the genes were synthesized by GenScript. The head variants 31C-FO H and 31C-FO H were generated by PCR amplification using long forward primers containing an NcoI restriction site, the new head sequence, and a sequence complementary to the downstream region in the target gene. A plasmid containing the starting construct was used as DNA template for PCR amplification using the corresponding long forward primers and a reverse primer hybridizing at the 3′ end of the target gene including the XhoI restriction site. The resulting PCR products were cloned using the In-Fusion kit (Clontech) into a pET-21 derivative linearized with NcoI and XhoI. The full protein-coding sequence in every plasmid was verified by DNA sequencing (Genewiz and Eton Bioscience) and corrected when necessary using the QuikChange II Site-Directed Mutagenesis kit (Agilent Technologies). The wild-type and 31C-FO H /31C-FO T (31C-FO H / T ) genes for SRU_1983, APE_0230.1 and E. coli YcaQ were re-cloned into a pBAD expression plasmid (Life Technologies) with a C-terminal hexa-histidine tag for transcription by the native E. coli RNA polymerase under control of an arabinose-inducible promoter; these experiments yielded similar results (Extended Data Fig. 6e, f) to those shown for the same genes under T7 polymerase control in a pET plasmid (Fig. 5 and Extended Data Fig. 6a-d) . DNA sequences of the final constructs are provided in Supplementary Data File 3. E. coli growth curves. Overnight cell growth was measured by transferring 200 μ l of each induced culture to a 96-well sterile plate (Greiner Bio-One) and covering each well with 50 μ l of sterile paraffin oil. A negative control non-induced sample was loaded for each wild-type target. Duplicate wells were measured for each sample. Plates were loaded into a platereader (Biotek Synergy) at room temperature and shaken for 30 s. An initial A 600 nm reading was taken and then followed by 30 min of shaking until the next absorbance reading. Readings were repeated at 30 min intervals during 9 h of cell growth. Analysis of protein expression in vivo from IPTG-inducible pET vectors. Starting cultures from a single colony were inoculated into 6 ml of LB media containing 100 μ g ml −1 of ampicillin and 30 μ g ml −1 kanamycin. Cultures were grown at 37 °C until highly turbid (4-6 h), then 40 μ l was used to inoculate 2 ml of MJ9 chemically defined medium 56 . This MJ9 pre-culture was grown overnight at 37 °C. The next day, A 600 nm readings were taken of a 1:10 dilution of the turbid MJ9 pre-culture. This reading was used to calculate the volume of pre-culture necessary to normalize all cell samples to a starting culture density of 0.1 A 600 nm in 6 ml of fresh medium. The reinoculated culture was grown at 37 °C until A 600 nm reached 0.5-0.7. Cells were then induced with 1 mM IPTG, with one duplicate tube for each wild-type gene not induced to serve as a negative control. After induction, 200 μ l × 2 of each culture was removed and placed into a sterile 96-well plate to monitor cell growth rate (see above). The remaining 5.6 ml of induced samples were then transferred to 17 °C and shaken overnight. The next day, samples were removed from the shaker, placed on ice, and final A 600 nm was measured. Cells were centrifuged in 14-ml round-bottom Falcon tubes at 5,300g for 10 min, and the pellets were resuspended in 1.2 ml of lysis buffer (30 mM NaCl, 10 mM 2-mercaptoethanol, 50 mM NaH 2 PO 4 , pH 8.0) and then transferred to 1.5 ml Eppendorf tubes on ice. Lysis was accomplished by sonication on ice, using a 40 V setting (~ 12 W pulse) and pulsing for 1 s followed by a 2 s rest, for a total of 40 pulses. Then 120 μ l of each lysed culture was mixed with 40 μ l of 4× Laemmli buffer, and samples were analyzed using SDS-PAGE (Bio-Rad, Ready Gel, 15% Tris-HCl), with Bio-Rad Precision Plus All Blue Standard markers. Final A 600 nm measurements were used to calculate the load volume for each individual sample, normalizing all samples to the density of the least turbid of each unique target. We verified the integrity of the plasmids after growth and induction by DNA sequencing (Genewiz and Eton Bioscience). Every result was confirmed by repeating the experiment.
Analysis of protein expression in vivo from arabinose-inducible pBAD vectors.
Conducting experiments at physiological protein expression levels (Extended Data  Fig. 6e , f) required considerable changes in methods compared to the experiments conducted in pET vectors that were used to generate our large-scale proteinexpression data set and the data shown in Fig. 5 and Extended Data Figs 6a, b and 7. Because mRNA expression from IPTG-controlled promoters tends to occur in an all-or-none fashion 60, 61 , it is not practical to control the level of mRNA expressed from pET vectors. Therefore, we re-cloned three pairs of synonymous native and codon-optimized 31C-FO H / T genes with C-terminal hexahistidine tags under control of the arabinose-inducible promoter in a pBAD vector 62 , which provides a more gradual increase in expression as arabinose concentration is raised. This promoter drives transcription using the endogenous E. coli RNA polymerase rather than T7 RNA polymerase, which is employed by the pET vectors used for all other expression experiments reported in this paper. Because transcription from the arabinose promoter is repressed by glucose, which is the carbon source in the chemically defined MJ9 medium used for our pET experiments, we instead used LB as the growth medium for pBAD experiments, which were conducting in BL21 pMGK cells (that is, an isogenic E. coli strain except for the removal of the λ (DE3) prophage carrying the gene for T7 RNA polymerase). Furthermore, because the arabinose inducer can be depleted during long growth periods, we evaluated expression after relatively short 1-4 h induction times during log-phase growth rather than after overnight growth into stationary phase, which was used for our pET experiments. We also changed the growth temperature during induction from 17 °C for pET experiments to 37 °C for pBAD experiments. Non-induced controls were grown in medium containing 0.4% glucose (+ Glc). When the A 600 nm of the cultures reached 0.6, transcription of the target genes was induced for 1 h using final arabinose concentrations of 0.001% (w/v) for APE_0230.1 and 0.01% (w/v) for SRU_1983 and E. coli YcaQ (+ Ara). In vitro transcription. The pET21 plasmids containing optimized or unoptimized inserts were digested with BlpI, phenol-chloroform purified, and concentrated by ethanol precipitation. From the digested samples, 2 μ g was added to the RiboMax kit (Promega), and in vitro transcription with bacteriophage T7 RNA polymerase was conducted according to the manufacturer's protocol. Upon completion of the reaction, samples were treated with DNase (Promega), isopropanol precipitated, and resuspended in RNA Storage Solution (Ambion). Transcript size and purity were verified by agarose gel electrophoresis with ethidium bromide staining. For kinetic analyses, 20-μ l reactions with T7 polymerase were assembled and started by addition of 1 μ g of template DNA. A 4.5-μ l sample of each reaction was removed at 0-, 5-, 10-and 30-min time points for analysis on denaturing formaldehyde-agarose gels. Each experiment was conducted at least twice. In vitro translation. In vitro translation assays of the purified mRNAs were performed with the PURExpress system (New England Biolabs) using l-[ ) and incubating at 37 °C. Aliquots of 5 μ l were withdrawn from the reactions at 15, 30, 60 and 90 min, and translation was stopped by adding 10 μ l of 2× Laemmli and heating for 2 min at 60 °C. Then 14 μ l Article reSeArcH of each aliquot was run on a 4-20% SDS-PAGE gel (Bio-Rad) with Bio-Rad Precision Plus All Blue Standard markers. The gel was dried on Whatman filter paper and subjected to autoradiography. Each reaction was repeated at least twice. Northern blot analyses. The probe was designed as the reverse complement of the 71-nucleotides of the 5′ -UTR of the pET21 vector, and it was synthesized by Eurofins. The probe was labelled with biotin using the BrightStar Psoralen-Biotin Nonisotopic Labelling Kit. BL21(DE3) pMGK E. coli containing the plasmid of interest were grown overnight in LB at 37 °C with shaking. Cultures were diluted 1:50 into MJ9 media and grown overnight at 37 °C with shaking. The next day, the cultures were diluted to an A 600 nm of 0.15 in MJ9 media and allowed to grow to an A 600 nm of 0.6-0.7 before induction with 1 mM IPTG. Samples were taken at the indicated time points and RNAs were stabilized in two volumes of RNAProtect Bacteria Reagent. After pelleting, samples were lysozyme digested (15 mg ml −1 ) for 15 min, and RNAs were purified using the Direct-zol RNA Miniprep Kit and TRI-Reagent. Approximately 1-2 μ g of total RNA per sample was separated on a 1.2% formaldahyde-agarose gel in MOPS-formaldahyde buffer. RNA integrity was verified by ethidium bromide staining. RNA was then transferred to a positively charged nylon membrane using downward capillary transfer with an alkaline transfer buffer (1 M NaCl, 10 mM NaOH, pH 9) for 2 h at room temperature. RNAs were crosslinked to the membrane using 1,200 μ J ultraviolet irradiation (Stratalinker). Membranes were pre-hybridized in Ultrahyb hybridization buffer for 1 h at 42 °C in a hybridization oven. Heat-denatured, biotin-labelled probe was then added to 10-20 pM final concentration and hybridized overnight at 42 °C. Membranes were washed twice in buffer (0.2× SSC, 0.5% SDS), and probe signal was detected using the BrightStar BioDetect kit, as per protocol, via exposure to film. Each northern blot experiment was repeated at least twice. RNA extraction and microarray analyses. E. coli MG1655 cells were cultured in M9 0.4% glucose minimum media to a final A 600 nm of 1.0. Cells were treated with RNA Protect Bacteria Reagent (Qiagen), and RNA extracted using the RNeasy Mini Kit (Qiagen) was reverse-transcribed using SuperScript II Reverse Transcriptase (Invitrogen) followed by treatment with RNaseH (Invitrogen) and RNaseA (EpiCentre). The resulting cDNA preparation was purified using the MinElute Purification Kit (Qiagen) and then fragmented into 50-200-bp fragments using DNaseI (EpiCentre). Biotinylation was performed with Terminal Deoxynucleotidyl Transferase (New England Biolabs) and Biotin-N 6 -ddATP (Enzo Life Sciences). Biotinylated cDNA was hybridized on Affymetrix E. coli 2.0 arrays by the Gene Expression Center at the University of Wisconsin Biotechnology Center. Raw data (.cel) files were analysed using the RMA (Robust Multi-chip Average) algorithm in the Affymetrix Expression Console. Classification of cytoplasmic proteins in E. coli MG1655. All predicted proteins in the version of the genome in the Ecocyc database 57 were analysed using the programs LipoP 58 and TMHMM 59 , and those without a predicted transmembrane helix or a predicted signal peptide were classified as cytoplasmic proteins and included in the analyses in Fig. 6 . Analysis of mRNA lifetime data sets. We analysed the data sets published previously 44 in which RNA-seq was used to quantify global mRNA levels as a function of time after treatment of either exponential or early stationary phase cultures with the transcription-initiation inhibitor rifampicin. To avoid potential complications arising from the encoding of multiple proteins in polycistronic transcripts, we limited our analyses to monocistronic transcripts, which constituted 76% and 82% of the mRNAs for which lifetimes were measured in exponential and stationary phase, respectively. The analyses presented in Fig. 6c, d were also limited to predicted cytoplasmic proteins to avoid possible biases from systematically lower expression of integral membrane proteins and secreted proteins. The set of genes for which Chen et al. 44 were able to measure lifetime is strongly biased towards more abundant mRNAs, and the measured lifetimes in both the exponential and stationary phase data sets are also strongly correlated with steady-state concentrations (data not shown). The colour-coding is defined schematically on the left in a, with blue being used for positively correlated variables, red for negatively correlated variables, and white for uncorrelated variables. In a, E represents the expression score in the binary categories (0, 5), s all represents the mean value of our new codon-influence metric (coloured symbols in Fig. 3a) over the entire gene (without the LEHHHHH tag), s 7-16 and s 17-32 represent the mean values of this metric for codons 7-16 and 17-32, respectively, Δ G UH represents the predicted free energy of mRNA folding for the 5′ -UTR from the pET21 expression vector plus the first 48 nucleotides in the gene, <Δ G T > 96 represents the mean value in the remainder of the gene of the predicted free energy of folding in 50% overlapping windows of 96 nucleotides, I represents an indicator variable that assumes a value of 0 or 1 if (Δ G UH <−39 kcal mol −1 ) and (%GC 2-6 > 0.65), d AUA assumes a value of 0 or 1 if there is at least one occurrence of the ATA-ATA di-codon, r represents the codon repetition rate (see Methods), and %GC represents the percentage content of G plus C bases in the gene. The variables a H , a H 2 , g H 2 and u 3H represent monomial functions of the fractional content of A, G and U bases in codons 2-6; the correlation coefficient for these nucleotide-composition terms was calculated using their sum weighted by their optimized coefficients from model M (Fig. 4 and Extended Data Table 1a ), as given in the equation in the main text. b, Data for the frequencies of the codons positively correlated with expression score E. c, Data for the frequencies of the codons negatively correlated with expression score E. d-g, Twodimensional histograms illustrating the dependence of results in the large-scale protein-expression data set on pairs of sequence parameters. The colours encode the fractional excess of proteins with E = 5 versus E = 0 scores (that is, (#E5 − #E0)/(#E5 + #E0)), as calibrated by the scale bar on the right. The area of each square is proportional to the number of proteins in that bin in the two-dimensional parameter space. The variables s all , s 7-16 and s tail represent, respectively, the mean values of our new codon-influence metric for the entire gene, for codons 7-16, and for all of the remaining codons downstream in the gene. Δ G UH represents the predicted free energy of mRNA folding for the 5′ -UTR from the pET21 expression vector plus the first 48 nucleotides in the gene, < Δ G T > 96 represents the mean value in the remainder of the gene of the predicted free energy of folding in 50% overlapping windows of 96 nucleotides, and r represents the amino acid repetition rate (as defined in Methods). Table 1a and coloured symbols in Fig. 3a ) segregated according to the identity of the nucleotide at each of the three positions in the codon. d-h, The codon slopes from model M plotted versus the relative synonymous codon usage (RSCU) in E. coli BL21 (e), the codon adaptation index 14 in E. coli K12 (f), the codon sensitivity 24 in E. coli K12 (d), the tRNA adaptation index 16 in E. coli K12 (g), and the concentration of exactly cognate tRNAs 23 in E. coli K12 (h). The shapes and colourcoding of the symbols in b-h, which are the same as in Fig. 3 , encode structural and qualitative chemical characteristics of the amino acids. Fig. 3a) in a window 5, 10 or 16 codons wide starting at the position indicated on the abscissa (that is, c through (c + 4) in blue, c through (c + 9) in red, or c through (c + 15) in purple, respectively, with c representing the number of the first codon in the window). The reduction in deviance was calculated relative to a base model containing codon frequencies in the entire coding sequence, head nucleotide composition terms (a H , a H 2 , u 3H and g H 2 ), the predicted free energy of RNA folding in the head plus the 5′-UTR (ΔG UH ), the binary indicator variable for head folding effects I, the binary variable indicating the occurrence of an AUAAUA di-codon d AUA , and the codon repetition rate r (n = 3,727). The mean slope of codons 2-6 presumably does not improve the model because the head-composition terms rather than codon content dominate the influence of this region on protein-expression level. This effect also probably accounts for the peaks in the s c − (c + 9) and s c − (c + 15) plots for windows starting at codon 7. For reference, adding s 7-16 and s [16] [17] [18] [19] [20] [21] [22] [23] [24] [25] [26] [27] [28] [29] [30] [31] [32] terms to model M contributes 29.7 points (P = 5 × 10 −8 ) and 12 points (P = 5 × 10 −4 ) of model deviance, respectively (Extended Data Table 1 and Fig. 4a ). Dropping out terms to measure their influence (Fig. 4a) shows every codon contributes on average (423.7/270) = 1.6 deviance units, while codons 7-16 each contribute on average an additional (29.6/10) = 3.0 deviance units. Therefore, individual codons at positions 7-16 are approximately three times more influential than those in the tail of the gene.
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